Introduction
Cross-sectional dispersion in firm-level productivity is not only commonly observed even within narrowly defined industries, but also varies considerably across countries at different stages of economic development. For instance, Syverson (2004) discovers that within four-digit SIC industries in the US manufacturing sector, the average total factor productivity (TFP) ratio between an industry's 90 th and 10 th percentile plants is 1.92 1 ,
indicating that the plant at the 90 th percentile of the productivity distribution makes almost twice as much output with the same measured inputs as the 10 th percentile plant. Hsieh and Klenow (2009) find even bigger within-industry productivity dispersion in two large developing countries, i.e. the corresponding figures of average 90-10 TFP ratios in China and India are over 5:1.
Productivity dispersion is economically relevant, to the extent that it reflects movements away from an optimal feasible resource allocation (Asker et al., 2014) . The large and persistent productivity dispersion across firms may suggest certain market distortion that impedes the efficient allocation of resources, and therefore has significant economic and welfare implications. For instance, Hsieh and Klenow (2009) conduct a static cross-country comparison and claim that if manufacturing firms in China and India are able to achieve the same efficiency in allocating capital and labour across production units as does the US (by moving China and India to the US dispersion of marginal products), then the corresponding aggregate TFP gains can be up to 30-50% in China and 40-60% in India.
On the other hand, looking at China itself from a dynamic view, the picture is less pessimistic. Figure 1 plots the distribution of TFP of Chinese manufacturing sectors for the years of 1998, 2003 and 2007 2 . We can see that over time there is not only a trend of rising central tendency in Chinese industry's productivity distribution, but also a lower degree of dispersion, i.e. the left tail of TFP distribution in 1998 is far thicker than that in 2003 and 2007 . The increase in the mean or median of the productivity distribution and the decrease in the dispersion of productivity (as indicated by the truncation from the lower end of the productivity distribution) imply that a significant restructuring process has been at work in the Chinese manufacturing sector. Thus, a proper understanding of productivity dispersion and its determinants, and the relevant policies directed at reducing distortions or reallocating 1 In Syverson (2004) , the average difference in the natural logarithm of TFP between an industry's 90 th and 10 th percentile plants is 0.651, which corresponds to a TFP ratio of e 0.651 =1.92. 2 The data covers all the above-threshold manufacturing firms in China over the period [1998] [1999] [2000] [2001] [2002] [2003] [2004] [2005] [2006] [2007] . See detailed data description in Section 4.1. resources is of paramount importance for such a large and transition economy like China.
In this paper, we examine whether and how import competition affects the productivity dispersion within 425 4-digit Chinese manufacturing industries. Competition in output markets in general and trade-induced competition in particular are argued to be one of the strongest drivers that contribute to resource reallocation, and thereby affecting the withinindustry productivity dispersion. This argument is well supported by economic theories in international trade. According to Melitz's (2003) model with heterogeneous firms, international trade can be viewed as a catalyst for inter-firm reallocations within an industry, i.e. the exposure to trade will induce the more productive firms to enter the export market and force the least productive firms to exit, so that the aggregate productivity increases due to selection and market share reallocation. Such mechanism works for imports as well. Melitz and Ottaviano (2008) find that in the short run import competition increases competition in the domestic product market, shifting up residual demand price elasticities for all firms at any given demand level, and thereby forcing the least productive firms to exit 3 . Surprisingly, empirical evidence in this literature is rather limited. Our research tends to fill this important gap and examines the distributional effects of trade openness on aggregate productivity, i.e.
whether and how import competition helps to drive the least efficient firms out of the market, to induce dynamic resource allocation towards more productive firms, and therefore to reduce productivity dispersion within industry? To the best of our knowledge, this is the first study in the trade literature addressing the effect of import competition on within-industry productivity dispersion in China.
There are at least three other important contributions of the paper. First, we aim to explicitly address the causality issue between import competition and productivity dispersion by using both the lagged level and the reductions in China's import tariffs, and the lagged level of industry average of tariffs as instruments. Compared with the existing literature (see for instance, Syverson, 2004; Balasubramanian and Sivadasan, 2009 ) which assumes the exogeneity when modelling dispersion, our instrumental variable (IV) approach enables us to isolate the effect of import competition from other channels, and to tackle the potential problem of reverse causality running productivity dispersion to import penetration at the industry level.
Second, when modelling the impact of import competition on productivity dispersion, we capture the factors from both the supply side (such as the fixed costs and sunk costs of production), and the demand side (such as product substitutability). Besides, we take into account a number of China-specific factors, which play an important role in shaping the productivity distribution of Chinese industries (such as firm ownership, market structure and government subsidy). We are not aware of any existing study which attempts to capture all these three dimensions of factors when empirically modelling productivity dispersion.
Third, although it is known in the literature that the Melitz-type mechanism would lead to reduction in standard deviation of productivity in general, the contribution of our work lies in identifying some of the potential mechanisms and channels through which imports affect productivity dispersion in China. For instance, we investigate the heterogeneous effects of imported goods according to their nature (final versus intermediate goods) and to the trade regime (ordinary versus processing trade). We also directly test whether the import-induced reduction in productivity dispersion is due to truncation from the bottom (by driving the least efficient firms out of the market) or convergence (by spurring the least efficient firms to improve their productivity). None of the existing work tends to explore the productivity implication of Chinese imports in such a systemic and comprehensive way.
The structure of the paper is as follows. Section 2 briefly reviews the relevant literature.
Section 3 explains our empirical methodology. Section 4 discusses the data and sample and presents some basic summary statistics. Section 5 interprets the results of our baseline model and of various heterogeneous effects and channels in order to shed light on whether and how imports affect productivity dispersion. Section 6 conducts further tests to examine the robustness of our results. Section 7 concludes the paper.
Related literature
We draw significantly on three strands of literature on productivity, i.e. the effect of trade liberalization on productivity, the productivity dispersion literature, and the effect of resource misallocation on aggregate productivity.
First, there is a large literature showing that trade liberalization increases firm-and industry-level productivity (for instance, Melitz, 2003; Amiti and Konings, 2007; Fernandes, 2007; Topalova and Kandelwal, 2011; Kasahara and Lapham, 2013; Yu, 2015) . For instance, Kasahara and Lapham (2013) extend Melitz (2003) 's model to incorporate imports and claim that there are substantial gains in aggregate productivity and welfare due to trade. Based on the Chilean plant-level data, their structural estimation highlights the role of importing intermediates for use in production in explaining differences in plant performance. Some recent empirical research examines the productivity gains from removing trade barriers and protections. Using Indonesian data, Amiti and Konings (2007) argue that reducing output tariffs can produce productivity gains by inducing tougher import competition, whereas cheaper imported inputs can raise productivity through learning, variety, and quality effects.
Similar results are found for India and China by Topalova and Kandelwal (2011) and Yu (2015) respectively.
Second, the fact that firms differ in performance or productivity ignites another interesting literature on productivity dispersion which focuses on the entire distribution of sector productivity and within-industry firm dynamics. Syverson (2004) examines the effect of a demand side factor, product substitutability, on productivity dispersion using US industry-level data. He argues that imperfect product substitutability impedes resource reallocation so that low-substitutability industries exhibit high productivity dispersion.
Balasubramanian and Sivadasan (2009) focus on the effect of sunk costs on productivity dispersion, and find that increases in capital resalability are associated with a reduction in productivity dispersion.
Third, there is a fast-growing literature which links the micro-level resource misallocation to aggregate productivity. Most works argue that the low aggregate TFP is a result of firm-/plant-level resource misallocation especially in developing countries, i.e. the most efficient firms fail to attract the large share of productive resources that efficiency would dictate (see, Olley and Pakes, 1996; Banerjee and Duflo, 2005; Foster et al., 2008; Heish and Klenow, 2009; Asker et al., 2014; Midrigan and Xu, 2014) . Therefore reallocation of labour and capital across manufacturing firms is a key resource of productivity growth. In the case of China, apart from the seminal work by Heish and Klenow (2009) discussed earlier, Song et al. (2011) regard the initial misallocation as a pre-condition for China's sustained growth because efficient firms can count on a highly elastic supply of factors attracted from the less productive firms. Khandelwal et al. (2013) empirically link trade and productivity through the resource reallocation channel and claim that trade barriers such as tariffs and quotas can distort resource allocation along the intensive and extensive margins. Focusing on Chinese textile and clothing exports, they find that quota removal coincides with substantial reallocation of export activity from incumbents to entrants, as well as a productivity gain by 28%. Our paper is along these lines, but with some important new contributions as highlighted in the Section 1. 3. Empirical methodology
Measures of TFP and productivity dispersion
We construct the measure of firm-level TFP using the semi-parametric Olley and Pakes (1996) approach which alleviates both the selection bias and simultaneity bias (between input choices and productivity shocks). Another advantage of Olley-Pakes method is the flexible characterization of productivity, only assuming that it evolves according to a Markov process (Van Biesebroeck, 2007) . Thus, assuming a Cobb-Douglas production function, the production function is
where is the natural logarithm of value added of firm i in industry j at time t, defined as sales minus intermediate inputs plus value added tax; is the natural logarithm of firm's capital input, which is computed using the perpetual inventory method following Brandt et al. (2012) ; is the natural logarithm of firm's labour input as measured by total employment; represents a productivity difference known to the firm, but unobservable to us; and is either measurement error or a shock to productivity which is not forecastable during the period in which labour can be adjusted.
Our approach is based on the recent development in the application of the Olley-Pakes method (for instance, Amiti and Konings, 2007; Brandt et al., 2012; Feenstra et al., 2014) .
First, we use different price deflators for inputs, outputs and investment. It is known in the productivity literature that ideally one would use firm-specific price deflators when constructing TFP, otherwise the 'omitted price bias' may occur (see Van Beveren, 2012) .
Since such information is not available in the data, we use different industry-specific price deflators for inputs, outputs and investment, which are directly drawn from Brandt et al. (2012) . This implies that our TFP measure is a revenue-based productivity measure (TFPR)
as introduced by Foster et al. (2008) , which may capture both technical efficiency and pricecost markups. Second, we use the perpetual inventory method to compute the real investment variable, where the depreciation rate of physical capital is based on firms' reported actual depreciation figure rather than arbitrary assumptions. Appendix Table A1 reports the estimated coefficients of the production function and the associated log of TFP by industry.
The estimated output and labour elasticities with respect to output are all positive and significant, but the magnitude exhibits significant heterogeneity among industries. The estimated TFP varies across industries too, with a 11 times difference between the most efficient sector (petroleum processing and coking) and the least efficient one (tobacco processing). We also find that most industries (19 out of 29) have exhibited decreasing returns to scale, which is consistent with the common findings in the literature (see, Brandt et al., 2012; Yu, 2015) .
Having obtained the firm-level TFP, we compute our measures of productivity dispersion. The primary productivity dispersion measure is the interquartile range (IQ range),
i.e. the interquartile productivity difference divided by the industry's median productivity level. One key advantage of IQ range is that it is less sensitive to the outliers. Alternative measures such as standard deviations in TFP (scaled by industry mean productivity), the difference between TFP at the 90 th and 10 th percentile of the distribution, and at the 95 th and 5 th percentile of the distribution are also computed. To save space, we only report the results based on IQ range and standard deviations, and other results (which are quite similar) are available upon request.
Baseline model specification and hypotheses
The sources of productivity dispersion lie in both the supply-side-production factors such as technology shocks, management skill, R&D or investment patterns, and the demandside conditions such as product differentiation and substitutability. In particular, Syverson (2004) argues that when consumers can easily switch between producers, inefficient (high costs) producers cannot operate profitably. Hence, an increase in product substitutability raises the cutoff productivity level, thus lowering productivity dispersion. We follow this line of thinking and take into account both the demand-and supply-side factors affecting productivity dispersion in China. Besides, as a large developing country, China has a number of institutional features which need to be captured when examining the impact of import competition on productivity dispersion of Chinese industries.
Our baseline model is specified as follows:
where the dependent variable is the productivity dispersion measure of industry and province at year , which is defined by either the IQ range or standard deviations of ; is the import penetration ratio which is defined as follows:
where , and are total imports, exports and outputs of industry and province at year . Import penetration ratio is argued to be a better proxy for trade liberalization than tariffs, as the latter does not take into account any non-tariff barriers of trade (Levinsohn, 1993) . It is also worth noting that the province dimension is included in both the dependent variable and the key independent variable in order to reflect the geographic features that affect productivity distribution and international trade among industries in China 4 . This is consistent with the literature that local protectionism is prevalent in China which impedes the free flow of goods and services across provinces (Bai et al., 2004) . The relationship between trade liberalization and within-industry productivity dispersion is well predicted by Melitz (2003) and Melitz and Ottaviano (2008) , i.e. the benefits of exposure to foreign competition/markets enjoyed by the more productive domestic firms should drive the least efficient domestic producers out of business, thereby decreasing productivity dispersion. We therefore expect 1 to be significant and negative in equation Industries with high values of are expected to have less geographically segmented output market and greater substitutability. We therefore expect a significantly negative relationship between and productivity dispersion.
The other substitutability measure is advertising intensity ( ), which is defined as total advertising expenditure in an industry j divided by total revenue 6 . The effect of branding and advertising on product substitutability is argued to be ambiguous. On the one hand, advertising may create artificial product differentiation so that industries with higher advertising intensities exhibit more product differentiation and less product substitutability;
on the other hand, advertising is argued to be informative and serves to educate consumers about superior product, which allows more productive firms to take market share away from less efficient competitors. Hence we keep an open view on the coefficient of advertising intensity in the productivity dispersion equation.
We employ two variables to capture the supply-side factors, i.e. fixed operating costs, and sunk entry costs, both of which are expected to affect the critical productivity cutoff level and therefore the industry-level productivity dispersion. First, following Syverson (2004) , we define the industry fixed cost index ( ) as the share of nonproduction workers in total employment in each Chinese industry j 7 . This measure is to proxy for the amount of overhead labour required by the industry technology and therefore the relative size of production-related fixed costs. It is argued that higher fixed costs make it difficult for inefficient firms to be profitable, leading them to exit in equilibrium. Thus we expect a significantly negative relationship between fixed costs and productivity dispersion at the industry level.
Second, we adopt the method of Balasubramanian and Sivadasan (2009) to measure sunk entry costs ( ), which is a capital resalability index defined as the share of used capital investment in total capital investment at each 4-digit industry j 8 . This measure of capital resalability is to capture recoverability of investments, which is an inverse proxy for the extent of sunkenness of capital investments. Compared with the standard method of Sutton (1991) , where investments in physical capital (usually in the median plant size) are used to proxy sunk costs, the capital resalability index better accords with the theoretical definition of sunk costs where the resale value of investment should be strictly excluded.
According to Hopenhayn (1992) , sunk costs act as a barrier to entry and exit, and protect incumbent firms. Thus, an increase in sunk costs (as reflected by a decrease in capital resalability) leads to a reduction in the cutoff productivity, implying an increase in the productivity dispersion.
6 The data is from Compustat, a database that has financial statement data on all listed US firms. We convert the 3-digit SIC industry codes to corresponding GB (2002) We also include a number of China-specific factors which may affect industry-level productivity dispersion in the Chinese context. First, we include two ownership variables, and , which are defined as the share of state-owned capital and foreign capital in total capital in 4-digit industry j in province p at year t respectively. It is widely believed that despite decades of economic reform, state-owned enterprises (SOEs) remain the least efficient sector in the economy with an average return on capital well below that in the private sector (Dougherty and Herd, 2005; Ding et al., 2012) . On the other hand, foreign ownership is associated with both higher levels of TFP and fewer financial constraints (Manova et al., 2015) . We hypothesize that both and may increase productivity dispersion in the industry but from two different directions, i.e. the state ownership hinders the exit of least efficient firms therefore increasing the dispersion from the lower end of the distribution, whereas foreign ownership increases the top end of the productivity distribution and enlarges the dispersion from the right.
Second, we construct the Herfindahl-Hirschman Index ( ) to capture the market structure or competition status in 4-digit industry j in province p at year t, where a lower indicates higher degree of competition in the industry. The threat from competitors both intra-and inter-industry will affect resource allocation and then productivity dispersion (Syverson, 2011) . Tougher domestic competition is argued to lower productivity dispersion, i.e. inefficient firms are hard to survive in a very competitive market.
Third, government subsidy may affect the entry and exit of firms in the market, and therefore influence productivity dispersion in industries. Our subsidy measure ( ) is defined as the ratio of subsidy to the value added of firms in 4-digit industry j in province p at year t. We expect a positive relationship between subsidy and productivity dispersion, as the government subsidy may keep the least efficient producers viable.
Lastly, the error term in equation (2) comprises four components: (i) the time-specific fixed effect, , accounting for possible business cycles and macroeconomic shocks such as an appreciation of the Chinese yuan; (ii) the province-specific fixed effect, , which captures geographic factors that influence productivity such as transportation costs, financial market development, tax treatment and so on; (iii) the industry-specific fixed effect, , reflecting time-invariant industrial features affecting productivity such as factor costs and factor intensities; and (iv) an idiosyncratic error term, , controlling for other unspecified factors.
Estimation methods
The endogeneity problem is argued to be less serious when modelling productivity dispersion as firms do not observe the industry-level distribution information when making decisions. Nevertheless, it is still possible that the industry-province pairs with lower allocative efficiency or higher productivity dispersion may experience larger increases in import penetration due to the presence of lower-productivity domestic producers.
Alternatively changes in demand conditions may influence both import penetration ratio and the productivity dispersion. We therefore adopt the IV approach in order to shed light on the causality between import competition and productivity dispersion in China.
Three sets of instruments are used in our analysis. First, inspired by Yu (2015), we use the one-year lag of product-level output tariffs obtained from WTO as instruments for the import penetration ratio. The rationale is that past tariffs may be highly correlated with current tariffs and therefore affecting industries' import penetration level, however they do not have any direct impact on the industries' productivity dispersion. Second, the changes in tariff rates are used as another set of instruments since China was required to lower tariff rates systematically when it joined the WTO and the reductions were roughly proportional across products. Lastly, we use the one-year lag of similar industry tariffs, defined as the average of the rest of the 4-digit industry tariffs in the same 2-digit industry 9 , as the third group of instruments. The justification is that tariffs among similar industries are highly correlated, but lagged tariffs of other industries do not affect the productivity dispersion of the industry of interest. This method is inspired by Cassiman and Veugelers (2002) and Lin et al. (2010) where industry average is used to instrument endogenous firm-specific variables. A number of diagnostic tests are then conducted to verify the quality of the three sets of instruments.
Data and summary statistics

Data and sample
Our industry-level study is based on the aggregation of information from a number of comprehensive microeconomic datasets, including the firm-level production data drawn from partner, unit price, shipment method, trade regime and so on. To ensure the accuracy of the estimates, we eliminate the trading firms which do not engage in manufacturing but act as intermediaries between domestic producers/suppliers and foreign trade partners (see, Ahn et al., 2011; Manova and Zhang, 2012; and Yu, 2015) . Merging the two datasets above gives us a final sample for the period of 2000-06, which has a good representativeness of exporting sector in China but is skewed toward large manufacturing firms 12 .
Our tariff data is from WTO, which provides product-level tariffs at the 6-digit HS level of all WTO member countries/regions. Following Yu (2015), we use the average ad valorem (AV) duty in our empirical regression 13 . Lastly, when computing our measures of product substitutability, we use the US data for 3-digit SIC sectors from Syverson (2004) and 10 We exclude utilities and mining sectors for our research purpose in this paper. 11 Our dataset does not contain any firm in Tibet. 12 The detailed merging technique and outcome of the first two datasets are available in Appendix 2. 13 China's tariffs from 1998 to 2000 are missing from WTO, but we manage to get the 2000 tariff data from the Chinese Customs. We thank one referee for raising this point and Professor Miaojie Yu for sharing the data.
then match them to our GB (2002) industry level. Similarly, our measure of sunk costs is from US Bureau of the Census as in Balasubramanian and Sivadasan (2009) . One benefit of using the US industry information is their strict exogeneity in our regressions. We provide further summary statistics at the industry level. Appendix Table A3 In order to have a general idea on the relationship between import penetration and productivity dispersion, we aggregate the data and plot the relationship of these two variables during the period of 2000-06 in Figure 2 . We find that the aggregate within-industry productivity dispersion in China decreases over time, whereas import penetration rises steadily during the sample period. Thus, an interesting research question arises: whether and how imports contribute to the reduction of productivity dispersion in China? Table 2 presents the results of our baseline model of equation (2) This is consistent with the theoretical prediction that increased competition from trade could result in the truncation of within-industry productivity dispersion by inducing the dynamic resource allocation towards more efficient firms (see, Bernard et al., 2003; Melitz, 2003; Melitz and Ottaviano, 2008) . Our new results for China also correct the puzzle in Syverson (2004) where the effect of trade openness on productivity dispersion is absent.
Summary statistics
Empirical results
Baseline results
In terms of the measures of product substitutability, the coefficient of the dollar-valueto-weight ratio ( ) is significant and negative, which is in line with the theoretical hypothesis that higher geographic barrier to substitution reduces the cutoff productivity level, and thus increasing productivity dispersion. On the other hand, the advertising intensity ( ) has a significant and positive effect on productivity dispersion, indicating that greater artificial product differentiation reduces product substitutability and increases productivity dispersion.
Fixed cost ( ) is found to reduce productivity dispersion and to improve resource allocation, supporting the theoretical prediction that higher fixed costs can help to drive the inefficient firms out of the market, thus contributing to the reduction of productivity dispersion. The coefficient of sunk cost ( ) is also negative and significant. This is because the capital resalability index is an inverse proxy for the extent of sunkenness of capital investments. Sunk costs can impede competitive forces and prevent the attainment of both technical efficiency and allocative efficiency, as they make the act of exit costly and affect the discipline on incumbents. Our result confirms this argument.
The results of all China-specific variables are in line with our expectation, where both state-and foreign-ownership ( and ) are found to have positive and significant effect on dispersion. We find that a more competitive market (lower ) is associated with better resource allocation and lower productivity dispersion. And the effect of government subsidy ( ) on productivity dispersion appears to be positive and significant, indicating the adverse effect of government intervention on resource allocation and productivity distribution within industries.
A number of diagnostic tests are conducted in order to verify the quality of the three sets of instruments. First, we use the under-identification test based on the Kleibergen-Paap rk LM statistics to check whether the excluded instruments are correlated with the endogeneous regressors. As shown in Table 2 , the null hypothesis that the model is underidentified is rejected at the 1 percent significance level. Second, the weak-identification test based on the Cragg-Donald Wald F statistics provide strong evidence for rejecting the null hypothesis that the first stage regression is weakly identified at the 1 percent significance level. Third, we conduct the Durbin-Wu-Hausman test for endogeneity and our results reject the null hypothesis that the endogenous regressors in the model are in fact exogenous at either the 5 or 10 percent significant level, which justifies the use of IV approach for the estimation. Thus, our baseline model proves that import competition is an important means to reduce productivity dispersion within industries, and all control variables including supplyside, demand-side and China-specific factors are important to determine the productivity dispersion in the way suggested by various theories discussed in Section 3.2.
Heterogeneous effect: the role of trade regime
We are interested in exploring some heterogeneous effects on how import competition affects productivity dispersion in China. One feature of China's trade pattern is the sheer magnitude of processing trade 16 . According to Yu (2015) , processing imports account for more than 50 percent of China's total imports. There is a rising literature on the effect of different trade regimes on firm performance in China, which indicates that generally speaking, firms conducting processing trade have inferior performance than their counterparts who are 16 Processing trade is officially defined as business activities in which the operating enterprise imports all or part of the raw or ancillary materials, spare parts, components, and packaging materials, and re-exports finished products after processing or assembling these materials/parts (Manova and Yu, 2012) .
engaged in ordinary trade business (see, Jarreau and Poncet, 2012; Wang and Yu, 2012; Yu, 2015; Manova and Yu, 2016) . Following this line of thinking, we distinguish the heterogeneous effect of imports in various trade regimes and expect that the role of imports in reducing productivity dispersion in domestic industries is only evident for ordinary trade but not for processing trade.
We use the trade regime information from the Customs dataset to classify all Chinese imports into two categories, i.e. ordinary-versus processing-trade imports. Then we compute the corresponding import penetration ratio for ordinary-trade imports ( − ) and that for processing-trade imports ( − ). The summary statistics (Appendix 6) indicates that the processing-trade import penetration ratio (0.046) is more than 4 times than the ordinarytrade import penetration ratio (0.010), indicating the important role of processing trade in
Chinese imports. The econometric results in Table 3 Panel A show that imports under the ordinary-trade regime have a significantly negative effect on productivity dispersion when both measures of productivity dispersion are used (Columns 2 and 5). However, the results on processing-trade imports are not statistically significant (Columns 1 and 4). Including both types of import penetration ratio into the regression simultaneously, we find that although both variables are significantly negative, the magnitude is much bigger for ordinary-trade imports than for processing-trade imports for both measures of dispersion 17 (Columns 3 and 6).
The robust effect of ordinary-trade imports in our productivity dispersion regressions implies that only imports aiming for domestic markets are conductive to the reduction of productivity dispersion in domestic industries, whereas those imports aiming for exporting after local processing have no or very little resource reallocation effect on the domestic industries.
Heterogeneous effect: the nature of imported products
The effect of imports on productivity dispersion may depend on the nature of imported goods. On the one hand, imports of final goods 18 lead to tougher competition in the domestic market, which forces firms to increase their efficiency, drives the least efficient domestic producers out of market and thereby reducing the productivity dispersion. This is often referred to as the pro-competitive effect of trade liberalization (see, for instance, Topalova and Khandelwal, 2011; De Loecker and Goldberg, 2013) . On the other hand, openness to foreign 17 The difference is statistically significant at the 5% significance level. 18 Final goods are the goods that are ultimately consumed by the consumers rather than used in the production of another good. a higher quality and technological content than domestic products (Maggioni, 2013; Halpern et al., 2015) . In other words, trade liberalization brings in more and cheaper imported inputs, which can raise domestic firms' productivity via learning, variety, and quality effect. This is referred to as the input effect which drives the productivity gains of individual firms, but not necessarily contributes to resource reallocation or reduction of productivity dispersion within industries.
In order to test for such hypotheses, we firstly make the distinction between the final better resource allocation or reducing productivity dispersion.
Channels: firm exit or convergence?
In order to further shed light on how the restructuring progress has been at work in the Chinese manufacturing sector following the growing inflows of foreign imported goods, we directly test the following two hypotheses. First, is the import-induced reduction in productivity dispersion due to the truncation from the bottom by driving the least efficient firms out of the market and thus facilitating the dynamic resource allocation towards more productive firms? Second, is the effect due to convergence by spurring the least efficient firms to improve their productivity? Both mechanisms could potentially lead to the reduction of within-industry productivity dispersion but the way of achieving the aggregate tradedriven productivity gains is different, i.e. the former can be viewed as the between-firm channel whereas the latter can be viewed as the within-firm channel.
We first estimate an IV probit model to examine the factors that determine the probability of firm exit as follows. (5) comprises the time-specific fixed effect ( ), the firm-specific fixed effect ( ), the industry-specific fixed effect ( ) and an idiosyncratic error term ( ). The two-stage IV approach is used to address the potential endogeneity of import penetration, using the same sets of instruments discussed in Section 3.3. Table 4 reports the results. In columns (1)- (3) 24 , we find that the effect of TFP on firm exit is significantly negative, i.e. the least efficient firms are more likely to exit the market.
The industry-level import penetration tends to increase the probability of firm exit, but the effect is mitigated by firm's TFP level as indicated by the negative and significant interaction term. This proves our first hypothesis that tougher import competition drives the least efficient firms out of the market. In columns (4)-(6), the negative and significant lagged TFP indicates that in general firms with initial lower TFP level tends to have a faster subsequent TFP growth due to the convergence or catch up effect. However, interestingly, import competition does not contribute to this process, i.e. import penetration itself has a significant and negative effect on firm-level TFP, and the negative effect is mitigated by firms' TFP level as indicated by the positive interaction term. This rejects our second hypothesis that import competition spurs the least efficient firms to improve their productivity. Such evidence is also consistent with our earlier findings in Ding et al. (2016) that import competition stimulates domestic firms' productivity growth only if firms and their industries are close to the world technology frontier, but discourages such growth for laggard firms and industries.
Thus, our exercise provides some direct evidence for the resource reallocation effect of trade liberalization as suggested by Melitz (2003) and Melitz and Ottaviano (2008) . Import competition forces the least productive firms to exit, induces dynamic resource allocation 24 The coefficients reported in columns (1)- (3) are the marginal effects from the IV probit estimation.
towards more productive firms, and thereby reducing the productivity dispersion within the industry. Our results, however, do not support the argument that import competition increases the productivity of the least efficient firms in China.
Further robustness tests
We adopt a number of empirical methods to examine the robustness of our findings.
To save space, we will only discuss the main findings of these tests, and all detailed results and summary statistics of new variables used in these tests are reported in Appendices 5 and 6.
First, the quality of the productivity dispersion index is likely to be affected by the size of industries (Syverson, 2004; Balasubramanian and Sivadasan, 2009 ). For instance, industries with a small number of firms and monopolistic market structure tend to have lower productivity dispersion, which however cannot be interpreted as better resource allocation. To correct for this potential bias, we set the reciprocal of the number of firms as weights and run weighted regressions as a robustness test (Appendix Table A5 (a)). Our main finding that import competition reduces the within-industry productivity dispersion remains intact.
Second, one justification of our use of industry-province as the unit of observation, instead of just industry, is the prevalence of local protectionism in China, as found in Bai et al. (2004) . To directly test for this hypothesis, we include the import penetration ratio of neighbouring provinces (Neighbour-IMP) 25 , along with the original IMP, into the regression.
In Appendix Table A5 (b), we find that the Neighbour-IMP has no impact on the within industry productivity dispersion of the province of interest, whereas its own IMP remains negative and significant. This provides further justification for our empirical methodology.
Thirdly, we adopt a number of alternative methods to construct TFP in order to examine the robustness of our results on productivity dispersion. For instance, the productivity measure in Appendix Olley and Pakes (1996) or Levinsohn and Petrin (2003) approach actually contains identifying information for parameters on the variable inputs.
Lastly, TFP is estimated using a system GMM estimator in Appendix Table A5 (e), where fixed effects are allowed to take into account firms' (unmeasured) productivity advantages that persist over time. Our results remain robust when productivity dispersion is computed based on all these alternative TFP measures.
Conclusion
According to De Loecker and Goldberg (2013), the effect of trade liberalization on individual firms is important; however, what we care more about is how an industry, country or group of countries is affected by trade. Reallocation of economic resources from less towards more productive firms is one way in which industry-(or country) performance can increase even in the absence of any effects on individual firms. Thus, we follow this line of thinking by exploring the aggregate market reallocation effect of import competition rather than the efficiency improvement effect of individual firms in this study.
Using a number of comprehensive microeconomic datasets, we examined the effect of competition pressure from foreign imports on productivity dispersion of Chinese industries.
Controlling for the supply-side, demand-side and China-specific factors, we found that the import-driven truncation of productivity distribution is indeed present in 425 narrowly defined manufacturing industries in China. We then distinguished the heterogeneous effects for various types of imports and found that the role of imports in reducing productivity dispersion is more evident for ordinary-trade imports and for final imported goods and intermediate goods imported by the same industries. A direct test on the channels through which import competition affects industry-level productivity dispersion shows that the tradeinduced dynamic resource allocation within industries is achieved by driving the least efficient firms out of the market.
Our research has some policy implications. By virtue of its market size and growth momentum, China is an important trade partner of most of the economies in the world. The robust demand from China on manufacturing products has contributed significantly to the global recovery from the recent financial crisis. Our research calls for the further reduction of trade barriers, which is not only conducive to the reduction of resource misallocation in China, but also has significant economic and policy impacts to the rest of the world.
Supplementary material
Supplementary material-the Appendix and the Data files -are available online at the OUP website.
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We are grateful for the constructive comments from two anonymous referees and the journal First-Stage Regressions IV1: Lagged tariff level -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) IV2: First-differenced tariff -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** -0.001*** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) IV3: Similar-industry tariff -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** -0.002*** (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) (0.000) Notes: Heteroskedasticity-robust standard errors are reported in parentheses. The under-identification test is based on the Kleibergen-Paap rk LM statistic, with a null hypothesis that the model is under-identified; the weak identification test is based on the Cragg-Donald Wald F statistic, with a null hypothesis that the first stage regression is weakly identified; and the Durbin-Wu-Hausman test for endogeneity is based on the F statistics, with the null hypothesis that the endogenous regressors in the model are in fact exogenous; the superscripts a b and c are used to indicate that the p-value of the test statistics is below 0.01, 0.05 and 0.1 respectively, suggesting that the corresponding null hypothesis is rejected. In the first-stage regressions, IV1 reports the coefficients of the one-period lag of output tariffs, IV2 reports the coefficients of the changes of output tariffs, and IV3 reports the coefficients of the lagged similar industry tariffs. All province, year, and industry fixed effects are included but not reported. *** p<0.01, ** p<0.05, * p<0.1. Heteroskedasticity-robust standard errors are reported in parentheses; TFP is the firm-level TFP; LTFP is the lagged firm-level TFP; IMP is the industry-level import penetration ratio; Size is the natural logarithm of firm's total assets; Age is the firm age; SOE, FIE and HHI are defined in the same way as the baseline model. The coefficients reported in columns (1)-(3) are the marginal effect from the IV probit estimation. Firm, year and industry fixed effects are included in columns (4)-(6) but not reported to save space. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 1. TFP distribution in Chinese manufacturing industries (1998, 2003, 2007) Notes: This table reports the estimated coefficients of the production function and the associated log of TFP by industry; the Returns-to-Scale column reports the sum of the capital and labour elasticities minus 1, and the result of Wald test of constant returns to scale is indicated by the significance level, i.e. if the value is statistically insignificant, then the null hypothesis of constant return to scale cannot be rejected; and if the value is significant and positive (negative), it indicates increasing (decreasing) returns to scale; industry code is the 2-digit Chinese Standard Industrial Classification (CSIC) code; *** p<0.01, ** p<0.05, * p<0.1.
Online Appendix 2. Dataset merging information
The difficulty of merging the NBS dataset and the Customs dataset lies in the absence of a common firm identifier shared by both datasets. We therefore rely on other firm characteristics such as firm name, telephone number, zip code, and firm address to achieve the best possible match of two datasets. Table A2 (a) presents a brief summary of the datasets.
We find that the number of exporting firms in the NBS dataset is much smaller than that in the Customs dataset 1 . There are two explanations for this discrepancy. First, most trading firms are quite small, so that they are not included in the 'above-scale' NBS dataset (Yu, 2015) . Second, the NBS dataset covers manufacturing firms only, whereas the Customs dataset consists of trading firms in all sectors in China such as manufacturing, agriculture, service, and so on. During the period of 2000-06, the number of exporting firms in our merged dataset accounts for 58.5% of total exporting firms in the NBS dataset on average. Table A2 (b) and Table A2 (c) provide the representativeness of our merged sample compared with the full-sample NBS data. Table A2 (b) shows how much of total sales, exports and employment are accounted for by the merged data each year during 2000-06. On average, our merged data covers 44% of total sales, 74% of total exports and 36.4% of total employment in the firm-level NBS data. Table A2 (c) shows that our merged sample has higher means of sales, exports and number of employees than the corresponding figures in the full-sample NBS data. These findings suggest that the merged sample is skewed toward large manufacturing firms in China. Notes: (a) the NBS firm-level dataset includes above-scale firms in the manufacturing sectors in China; it also reports firms' export sales, but there is no information on imports; (b) Customs dataset contains detailed product-level information of international trade (both exports and imports) at the monthly level; we therefore aggregate such information to the firm-year level in order to merge it with the NBS dataset; (c) The merge of the two dataset is mainly based on the firm name, and other firm characteristics such as telephone number, zip code and firm address; (d) The merge ratio is computed as the number of exporting firms in the merged dataset in relation to the number of total exporting firms in the NBS dataset. Notes: Heteroskedasticity-robust standard errors are reported in parentheses. The under-identification test is based on the Kleibergen-Paap rk LM statistic, with a null hypothesis that the model is under-identified; the weak identification test is based on the Cragg-Donald Wald F statistic, with a null hypothesis that the first stage regression is weakly identified; and the Durbin-Wu-Hausman test for endogeneity is based on the F statistics, with the null hypothesis that the endogenous regressors in the model are in fact exogenous; the superscripts a b and c are used to indicate that the p-value of the test statistics is below 0.01, 0.05 and 0.1 respectively, suggesting that the corresponding null hypothesis is rejected. All province, year, and industry fixed effects are included but not reported. *** p<0.01, ** p<0.05, * p<0.1. The under-identification test is based on the Kleibergen-Paap rk LM statistic, with a null hypothesis that the model is under-identified; the weak identification test is based on the Cragg-Donald Wald F statistic, with a null hypothesis that the first stage regression is weakly identified; and the Durbin-Wu-Hausman test for endogeneity is based on the F statistics, with the null hypothesis that the endogenous regressors in the model are in fact exogenous; the superscripts a b and c are used to indicate that the p-value of the test statistics is below 0.01, 0.05 and 0.1 respectively, suggesting that the corresponding null hypothesis is rejected. All province, year, and industry fixed effects are included but not reported. *** p<0.01, ** p<0.05, * p<0.1. The under-identification test is based on the Kleibergen-Paap rk LM statistic, with a null hypothesis that the model is under-identified; the weak identification test is based on the Cragg-Donald Wald F statistic, with a null hypothesis that the first stage regression is weakly identified; and the Durbin-Wu-Hausman test for endogeneity is based on the F statistics, with the null hypothesis that the endogenous regressors in the model are in fact exogenous; the superscripts a b and c are used to indicate that the p-value of the test statistics is below 0.01, 0.05 and 0.1 respectively, suggesting that the corresponding null hypothesis is rejected. All province, year, and industry fixed effects are included but not reported. *** p<0.01, ** p<0.05, * p<0.1. The under-identification test is based on the Kleibergen-Paap rk LM statistic, with a null hypothesis that the model is under-identified; the weak identification test is based on the Cragg-Donald Wald F statistic, with a null hypothesis that the first stage regression is weakly identified; and the Durbin-Wu-Hausman test for endogeneity is based on the F statistics, with the null hypothesis that the endogenous regressors in the model are in fact exogenous; the superscripts a b and c are used to indicate that the p-value of the test statistics is below 0.01, 0.05 and 0.1 respectively, suggesting that the corresponding null hypothesis is rejected. All province, year, and industry fixed effects are included but not reported. *** p<0.01, ** p<0.05, * p<0.1. 
Online Appendix 5. Full results: further robustness tests
